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INTRODUCTION
In marine pelagic ecosystems, phytoplankton is the key organism group responsible for practically all primary production. In the Marine Strategy Framework Directive of the European Union (MSFD; 2008/56/EC), and subsequent Commission Decision (2010/477/EU), the requirements for assessing the status of marine food webs were set. Looking back in time, the role of phytoplankton as the foundation of food webs was one of the main motivators for the first large-scale phytoplankton investigations undertaken in northern seas, among them the Baltic Sea, already in the early 1900s (cf. Kyle, 1910; Richardson, 2002) .
On a general level, primary production, often calculated based on algorithms using surface concentration of chlorophylla derived from remote sensing images on ocean color as an important parameter, is considered to be a good predictor of the potential fisheries yield of the world's oceans (Chassot et al., 2007 (Chassot et al., , 2010 . Chassot et al. (2007) found also in the European seas, including the Baltic Sea, a strong linkage between primary productivity (estimated from chlorophyll-a derived from ocean color) and fisheries yield over long time scales from several years to decades. On the other hand, Friedland et al. (2012) found primary production alone to be a poor predictor of global fishery yields, but instead their results showed that chlorophyll-a concentration, particle-export ratio, and the ratio of secondary to primary production were positively associated with yields. However, chlorophyll-a concentration is a proxy for total phytoplankton biomass. It does not indicate taxonomic composition. Phytoplankton biomass may be formed by high or low-quality food or by toxic or nontoxic species, potentially differing greatly from each other as a food source for the higher trophic levels (Olli et al., 1996; Kozlowsky-Suzuki et al., 2003; Uronen et al., 2005; Sopanen et al., 2009 ). Thus, analyzing phytoplankton community composition reveals the ability of the primary producers to sustain effective trophic transfer, which is the basis for zooplankton and fish growth.
Prey size is one of the primary characteristics which determine the next trophic level (grazers such as mesozooplankton) (Sommer et al., 2000; Katechakis et al., 2002; Stibor et al., 2004) . It is known that microzooplankton feed on phytoplankton with cell volumes <500 to 1000 µm 3 (Sommer et al., 2005) , while copepods are known to feed on both microzooplankton as well as medium to moderately large-sized phytoplankton (100-100,000 µm 3 , Sommer and Sommer, 2006) . In addition to creating optimal prey size spectrum for different grazers, cell size affects physiological, and ecological processes such as light absorption, nutrient uptake, and sinking (Kriest and Oschlies, 2007; Finkel et al., 2010; Acevedo-Trejos et al., 2015) . The dominance of small phytoplankton is the basis for enhanced cycling through the microbial loop and less efficient transfer of production to higher trophic levels (Glibert, 2016) .
In addition to cell size, the suitability of phytoplankton as food for the next trophic level is affected by its life form (colonies, filaments etc.), and cell morphology as well as its biochemical properties, e.g., the amino acid, vitamin, sugar, fatty acid, mineral, and toxin content (Koski et al., 1998) . A complicating factor is that differences in the presence and concentration of these compounds are partly species-specific (or even strain-specific; Md Amin et al., 2011) and partly related to the physiological state of cells, thus varying with phytoplankton growth rate and cell age (Koski et al., 1998) . Different grazer species also react differently to the same phytoplankton food (Engström et al., 2000; Md Amin et al., 2011) .
Toxins produced by phytoplankton vary widely in their composition and effects (Granéli and Turner, 2008) . In the Baltic Sea, although current knowledge suggests that the transfer rate of phytoplankton toxins through food web is low (Karjalainen et al., 2005 (Karjalainen et al., , 2007 Setälä et al., 2011) , toxic phytoplankton are considered a potential risk for co-occurring organisms, as well as for high-trophic-level consumers through toxin bioaccumulation in the food web (cf. Kuuppo et al., 2006; Sipiä et al., 2006; Setälä et al., 2009 Setälä et al., , 2014 . In the Baltic Sea, phytoplankton toxins have been found in e.g., copepods (Lehtiniemi et al., 2002; Setälä et al., 2009; Sopanen et al., 2011) , bivalves (Sipiä et al., 2001; Setälä et al., 2014) , Baltic herring, flounder and roach, as well as eider (Sipiä et al., 2006; Karjalainen et al., 2008) with immediate effects of these compounds including reduced feeding and growth rates in fish larvae (Karjalainen et al., 2007) , and even mortality in copepods (Sopanen et al., 2008) and fish (Lindholm and Virtanen, 1992) . Allelopathy, i.e., the production of allelochemicals which negatively influence the growth and survival of other phytoplankton species, may have an effect on phytoplankton composition and thus affect grazers by modifying the availability of their preferred food (Reigosa et al., 2006) .
Mixotrophy is a common feature in phytoplankton, and it is considered to be an important indicator of the efficiency of food webs (Mitra et al., 2014) . Mixotrophic phytoplankton is capable of utilizing dissolved and/or particulate organic matter, including bacteria, for their nutrition in addition to phototrophy. Even though a mixotrophy-dominated food web may be more efficient than a traditional phototrophy-based food web in nutrient depleted situations (Mitra et al., 2014) , the change from a phytoplankton-based food web toward a bacteria-based food web might yield considerably lower fish productivity (Berglund et al., 2007) . N 2 -fixation by the diazotrophic cyanobacteria may be an important function for the entire food web (Montoya et al., 2004; Karlson et al., 2015) . In the Baltic Sea, it is has been shown that ca. 40-80% of the fixed nitrogen is released as dissolved bioavailable nitrogen for redistribution in the food web (Ohlendieck et al., 2007; Wannicke et al., 2009 Wannicke et al., , 2013 Ploug et al., 2011) . Larsson et al. (2001) have estimated that N 2 -fixation in the Baltic Sea Proper is 180-430 kt N year −1 , and this amount would be sufficient to sustain 30-90% of the pelagic net community production during summer. Still, based on results by Olli et al. (2015) , the effects of the N 2 -fixing cyanobacteria on individual cooccurring phytoplankton taxa include both negative and positive effects, with no obvious phylogenetic or functional trait-based patterns.
In this article, we present an approach for using the phytoplankton taxonomic composition on evaluating its potential effects on the next trophic level. The approach consists of four steps: (1) long-term trend analysis of class-level and total phytoplankton biomass using generalized additive models (GAMs) and calculating average biomass share of each phytoplankton class from the total phytoplankton biomass, (2) comparing the current phytoplankton community composition and its long-term changes with non-metric ordination analysis (NMDS) of genus-level biomass, (3) describing which taxa (the most accurate taxonomic level) are primarily responsible for forming the biomass and for causing the possible changes, and (4) interpretation of the phytoplankton results to assess the potential effects on the next trophic level. Potential suitability as food for grazers, harmfulness, cell size, and trophy are the characteristics of the dominant or increased or decreased taxa which are specifically considered when interpreting the results (step 4), based on existing knowledge on their relevance to the next trophic level (e.g., Koski et al., 1998; Sommer et al., 2000; Berglund et al., 2007; Sopanen et al., 2008) . Even though we demonstrate the approach with northern Baltic Sea phytoplankton data, the approach can be used for other sea areas as well since the methods are applicable with any long-term data and the functional characteristics which are specifically considered (quality as food, harmfulness, trophy, cell size) are common to all phytoplankton communities.
MATERIALS AND METHODS

Concept
The aim of the present approach is to obtain an overview of the existing phytoplankton community composition and its possible ongoing changes and draw conclusions on their potential effects on the next trophic level in order to use this information as a part of marine food web assessments required by the MSFD. The approach consists of four steps (Figure 1) . While interpreting the results (step 4), characteristics of taxa which are specifically regarded include potential suitability or quality as food for grazers, harmfulness, size, and trophy. A conceptual model presenting linkages between functional characteristics of phytoplankton taxa and high and low trophic transfer efficiency in pelagic food webs is presented in Table 1 .
The approach requires quality-checked, comparable long-term quantitative phytoplankton biomass data. By phytoplankton, we mean microscopic planktonic auto-and mixotrophic algae and cyanobacteria which can be recognized using a light microscope (i.e., picoplankton is excluded, and trophy is assigned based on light microscopy). The data should be collected at least yearly from a geographical area (can include several stations) where the phytoplankton community composition and seasonal progression are similar. Only data collected during the same phase of the seasonal succession should be analyzed together to avoid adding seasonal variance in the results. Seasonal period when both phytoplankton and zooplankton are abundant (and trophic coupling between phytoplankton and zooplankton is potentially the highest) should be preferred. The number of samples per year should remain the same in the long-term analyses to ensure equal representation of the years.
Data
The proposed approach is demonstrated with Finnish national marine monitoring data collected as part of the HELCOM COMBINE monitoring program (HELCOM, 2015) . Phytoplankton samples (n = 286) were collected once a year between July 15th and September 15th in 1979-2014 from 10 offshore monitoring stations situated in the Bothnian Bay, Bothnian Sea, Åland Sea, Gulf of Finland, and northern Baltic Proper (Figure 2) . The sampling season was late summer, i.e., the period when zooplankton abundance and biomass are the highest in the area (Ojaveer et al., 1998) , following the warming of the water and development of thermocline in the surface layer, but before the downwelling period which breaks up the thermocline. The data are stored in the Finnish national database OIVA (http://www.syke.fi/en-US/Open_information; in Finnish), the ICES database (http://ecosystemdata.ices.dk/ inventory/index.aspx), and the COPEPOD database (http:// www.st.nmfs.noaa.gov/copepod/data/fimr/index.html).
The methodology followed the HELCOM COMBINE manual (HELCOM, 2015): integrated water samples were taken from the surface layer (0-10 m) by mixing equal amounts of water from the depths of 1, 2.5, 5, 7.5, and 10 m. Samples were preserved with acidic Lugol's solution (1 ml per 300 ml sample), and kept refrigerated (+4 to +10 • C) in the dark prior to microscopic analysis within a year of sampling. Microscopy was done with an inverted light microscope using the Utermöhl method (Utermöhl, 1958) . A volume of 50 ml (or 25 ml, depending on the density of cells, HELCOM, 2015) of sample was settled in a settling chamber. A magnification of 125x was used to count the species larger than 30 µm as well as taxa belonging to the order Nostocales; 250x magnification was used to count the 20-30 µm sized species, colonies belonging to the order Chroococcales with a cell size larger than 2 µm, as well as taxa belonging to the order Oscillatoriales; and 500x magnification was used to count species smaller than 20 µm as well as Chroococcales colonies with cells smaller than 2 µm. With each of the three magnifications, 60 ocular squares were analyzed, aiming to count at least 400 counting units with each magnification. Picoplankton (cells <2 µm) counting is not possible with this technique.
During microscopic analysis and when converting the counting results into biomass (wet weight µg per liter), the taxon-specific counting units, size classes, and biovolume formulae of the HELCOM PEG (Phytoplankton Expert Group) taxon and biovolume list v. 2014 were used (Olenina et al., 2006 ; the annually updated biovolume list is available at http://helcom.fi/helcom-at-work/projects/phytoplankton). Only taxa estimated to be auto-or mixotrophic (based on light microscopy and the HELCOM PEG taxon and biovolume list) were included in the analyses, while heterotrophic taxa, cysts, and benthic taxa (which sporadically occur in the plankton) were excluded. Unidentified <10 µm autotrophic monads (unicellular) and flagellates were grouped into "Unidentified." The nomenclature of the HELCOM PEG biovolume list follows that of the World Register of Marine Species (WoRMS, http://www.marinespecies.org/about.php).
FIGURE 1 | The approach to using phytoplankton long-term data to assess potential effects of phytoplankton community composition and its changes on the next trophic level.
TABLE 1 | A conceptual model of the linkage of phytoplankton community properties (defined as functional characteristics) to high and low trophic transfer efficiency in pelagic food webs (DOM = dissolved organic matter).
Phytoplankton community
Grazer community Food web structure Transfer efficiency from primary producers to top trophic levels
High-quality food items for optimal grazer community (high nutritional value, optimal size and other properties, non-toxic, etc.) or efficient total particulate productivity (efficient autotrophy-based community, low respirational losses, efficient nutrient utilization, low DOM production, mixotrophy, etc.)
Optimal for key pelagic fish (e.g., large copepods)
Direct phytoplankton-based grazing food chain High Low-quality food items for optimal grazer community (low nutritional value, toxic, successful grazing deterrence, etc.) or leading to complex or inefficient food webs (very small cell size, high DOM production, complicated mixotrophy-based community, high respirational losses, inefficient nutrient utilization, etc.)
High share of low-quality food items (e.g., small zooplankton or gelatinous plankton)
Complicated food web with high respiratory losses (e.g., due to extra trophic levels in microbial loop-based communities) or grazers with low value to predators (dead-end grazers)
Low
Step 1: Class-Level and Total Biomass Trend Analyses
The statistical analyses were performed using the R software (R Core Team, 2014) . Time series for phytoplankton class biomasses in each area were analyzed using Generalized Additive Models (GAM, R package "mgcv, " Wood, 2014) . GAMs are well-suited to analyze long-term trends in phytoplankton biomasses (Hastie and Tibshirani, 1990) . A GAM is a generalized linear model with a linear predictor involving a sum of smooth functions of covariates, and by specifying the model only in terms of smooth functions, rather than detailed parametric relationships, it allows for rather flexible specification of the dependence of the response on the covariates (Wood, 2006) . Curves estimated with GAM are plotted on the data to visualize the direction of the statistically
Frontiers in Marine Science | www.frontiersin.org significant long-term changes (i.e., decreasing, increasing, or non-linear trends). We used class-level data for the GAMs since classes combine taxa with some similar characteristics into a convenient number (ca. 10) of groups. The autotrophic endosymbiont-bearing ciliate Mesodinium rubrum was only included in the phytoplankton counts since 1986, and therefore its trend was analyzed only since that year and its biomass was not included into the trend analyses of total phytoplankton biomass. Classes Chlorophyceae and Charophyceae were grouped into phylum Chlorophyta. In addition to the classes, biomass trends of unidentified taxa, and the total phytoplankton biomass were analyzed separately. Biomass data was modeled as annual averages of all stations within a sea area calculated from the late summer samples. The possible autocorrelation between years was modeled with AR1 (autocorrelation structure with lag 1). Curves estimated with GAM were plotted on the data for visually checking the direction of the significant long-term changes (plots not shown). The average total phytoplankton biomass and average biomass share (%) of each phytoplankton class from the total phytoplankton biomass was calculated based on the whole long-term data set , except for M. rubrum, whose average biomass share was calculated using the total phytoplankton biomass (including M. rubrum) during 1986-2014.
Step 2: Genus-Level Community Analysis
The Non-metric Multidimensional Scaling (NMDS, function metaMDS, R package "vegan, " Oksanen et al., 2016) was used to make a visual ordination of samples based on the similarities and dissimilarities in the genus-level phytoplankton community composition. NMDS is commonly considered as the most robust unconstrained ordination method in community ecology (Legendre and Legendre, 1998; McCune and Grace, 2002) . NMDS projects the observed community dissimilarities nonlinearly onto an n-dimensional (usually 2-dimensional) ordination space and it can handle nonlinear taxon responses. NMDS visualizes the phytoplankton community composition by positioning the samples in the ordination space based on their taxon-specific biomass composition. The names of the taxa characterizing the samples can likewise be plotted. The NMDS ordination graphs thus give an overview of the phytoplankton community composition and its spatio-temporal changes, to support the results of GAMs which reveal changes in the biomasses of different phytoplankton classes separately.
We used genus-level biomass data for the NMDS, since consistent species-level identification is not always possible and genus-level data may be more robust to differences in skill and effort among the individual phytoplankton analysts. Genus-level data is also recommended over class-level data since notable genus-level changes may occur even though class biomasses and their shares remain unchanged. Since some genera were not identified consistently by the different microscopists, they were grouped into order-level or into a taxa complex for the NMDS, even though they had been stored into the OIVA database separately: all cryptophyte genera were grouped into the order Cryptomonadales, all genera belonging to the order Chroococcales except for the genera Snowella and Woronichinia were grouped into the order Chroococcales, all genera belonging to the order Ochromonadales were grouped under the order name, and the genera Koliella, Monoraphidium, and Nephrodiella were collectively named the "Monoraphidium complex." Due to the properties of the community analyses (Legendre and Legendre, 1998) i.e., in order to improve the comparability of the data across the time series and to avoid that sporadically occurring genera confuse the results, genera which were present in less than 5% of the samples (with very low biomasses in all cases) were excluded from the NMDS analyses, resulting in a total of 53 taxa (genera, orders, and complexes) included in the analysis. Taxa which were excluded from the NMDS were acknowledged within the step 3 (most accurate taxonomic level examination). Biomass values were square-root transformed, and the Bray-Curtis dissimilarity was used as the distance metric.
Step 3: The Examination of the Dominant Taxa on the Most Accurate Taxonomic Level
The most accurate taxonomic level data was analyzed by simple biomass ratio analyses showing which taxa dominate the biomass of each phytoplankton class (step 1, GAMs). The role of the dominant taxa in each class was confirmed by running a separate GAM for these taxa to see if the result agreed with that of the total class. Using the conventional methods of phytoplankton monitoring (i.e., light microscopic analysis of preserved samples), not all taxa can be determined to species level, and thus it was necessary for the analyses to consider some higher than species-level taxa in the same manner as the actual species. Within step 3, taxonomic level was anyways more detailed than in the community analysis (step 2, NMDS) to be able to acknowledge, e.g., only sporadically occurring taxa.
Step 4: Interpretation of Results
Within interpretation, all results from steps 1-3 are considered. The taxon-specific (mostly species-specific) characteristics specifically considered when interpreting the results are the potential quality as a food source for grazers, harmfulness, size, and trophy (Table 1) . Since these characteristics may be affected by even the life stage of the cells or vary within strains, only the potential of taxa to possess the characteristics can be considered when interpreting the results. If the class-level GAM results were based primarily on taxa for which there exists knowledge on these functional properties, the statistically significant long-term trends (p < 0.05) may be used to indicate if the ongoing changes are positive or negative for grazers. For taxa which are considered low-quality food, as well as for taxa which are potentially harmful or toxic to other organisms of the food web, the preferred trend is "decreasing or no change, " while for taxa which are considered high-quality food the preferred trend is "increasing or no change."
Careful interpretation of the results is important. Even though communities differ geographically and with seasons, the same types of characteristics (quality as food, harmfulness, trophy, size) are common to all phytoplankton communities. Factors possibly affecting the phytoplankton community or causing changes in it are not studied within the approach, but existing studies on physical, chemical, and other biological data can be discussed.
RESULTS
Step 1: Class-Level and Total Biomass Trends
In our demonstration data set from the northern Baltic Sea, the average total phytoplankton biomass during the study period was the lowest in the Bothnian Bay (191 ± 267 µg l −1 , mean ± S.D.), and the highest in the Gulf of Finland (average 520 ± 483 µg l −1 ). The average total phytoplankton biomass was 427 ± 355 µg l −1 in the northern Baltic Proper, 294 ± 212 µg l −1 in the Bothnian Sea, and 365 ± 159 µg l −1 in the Åland Sea. The Bothnian Bay differed from the other areas also based on its phytoplankton composition. For example, the average share of cyanobacteria was there only ca. 2% of the total phytoplankton biomass, while the average share of cyanobacteria was ca. 27-37% in the other sea areas ( Table 2) .
The class-level data was analyzed for long-term trends in each of the five sea areas using GAMs and the results are summarized in Table 2 . Statistically significant increasing trends were found for cyanobacteria (class Nostocophyceae) in the Bothnian Sea, Åland Sea and the Gulf of Finland, for prymnesiophytes (class Prymnesiophyceae) in all sea areas but the Bothnian Sea, euglenophytes (class Euglenophyceae) in the Åland Sea, and prasinophytes (class Prasinophyceae) in the northern Baltic Proper. The autotrophic ciliate M. rubrum increased in the Bothnian Sea and northern Baltic Proper. Cryptophytes (class Cryptophyceae) decreased in all sea areas except the Bothnian Sea, and diatoms (class Diatomophyceae) in the Bothnian Bay. The biomass of unidentified taxa decreased in all sea areas, and biomass of total phytoplankton in the Bothnian Bay. Statistically significant, but non-linear variability was shown by diatoms and prasinophytes in the Bothnian Sea. The average biomass share (%) of each phytoplankton class from the total phytoplankton biomass is also given. Samples were collected from the Finnish HELCOM COMBINE offshore monitoring stations once a year between July 15th and September 15th in 1979-2014. The recording of Mesodinium rubrum started in 1986, and thus trends in its biomass were calculated for the period 1986-2014, and the species is not included in the biomass of the total phytoplankton community, except for calculation of its biomass share from the total phytoplankton biomass (including M. rubrum). a Biomass trends for Mesodinium rubrum cover the period 1986-2014 only. n = number of sampling years (* = number of sampling years for Mesodinium rubrum).
Step 2: Genus-Level Community Changes
Based on the NMDS analysis, community composition was clearly different only in the Bothnian Bay compared to the other sea areas (Figure 3) . Chlorophyte (phylum Chlorophyta in the GAM) genera Desmodesmus, Elakatothrix, Dictyosphaerium, and Botryococcus, as well as the diatoms (class Diatomophyceae) Diatoma and Skeletonema characterized the Bothnian Bay samples. Nevertheless, the composition changed simultaneously in the same direction during the study period 1979-2014 in all sea areas (Figure 3) . The genera Aphanizomenon, Nodularia, Chrysochromulina, and Cryptomonas were shown to be primarily responsible for the biomass formation and the statistically significant trends of cyanobacteria (class Nostocophyceae in GAM), prymnesiophytes (class Prymnesiophyceae), and cryptophytes (class Cryptophyceae), respectively (Tables 1, 2).
Step 3: Most Accurate Taxonomic Level Examination
The taxa primarily responsible for the biomass formation and the statistically significant trends in each class are listed in Table 3 . Most important characteristics of the taxa are also included in the Table 3 .
Step 4: Interpretation
Total phytoplankton biomass decreased in the Bothnian Bay, but other significant trends in the total phytoplankton biomass were not observed ( Table 2 ). In addition to the lowest total phytoplankton biomass, the Bothnian Bay differed from the other areas also based on its phytoplankton composition ( Table 2) .
However, the community analysis demonstrated an ongoing change toward the same direction in all five sea areas, also in the Bothnian Bay (Figure 3) . Suikkanen et al. (2013) found a significant increasing trend for chlorophyll-a concentration during the study period 1979-2011 in the same monitoring stations situated in the northern Baltic Proper, Gulf of Finland, and Åland Sea. In the Bothnian Sea, there was a significant increasing trend for chlorophyll-a (GAM, p < 0.001, n = 27) during 1979-2012 (unpublished data), In the Bothnian Bay, no trend in chlorophyll-a was observed (GAM, p = 0.101, n = 27) during 1979-2012 (unpublished data), Thus, our results showed no trends for total phytoplankton biomass (excluding picoplankton) in areas where chlorophyll-a increased, and a decreasing trend for total phytoplankton biomass for the Bothnian Bay where chlorophyll-a showed no trend. Of the classes with statistically significant long-term changes, cyanobacteria, prymnesiophytes, and cryptophytes are the ones with potentially the most important food web effects in terms of harmfulness, food quality, and trophy in our study area. Both species of cyanobacteria, Aphanizomenon flosaquae and Nodularia spumigena, primarily responsible for the observed increasing trends of the class Nostocophyceae are N 2 -fixing, i.e., diazotrophic ( Table 3) . N. spumigena produces hepatotoxin, nodularin, which accumulates in the pelagic and benthic food web and are toxic for mammals (Sipiä et al., 2001; Karjalainen et al., 2007; Sopanen et al., 2009; Karlson and Mozuraitis, 2011) , while the Baltic Sea isolates of Aphanizomenon have proven nontoxic, despite the toxicity of several freshwater strains (Lehtimaki et al., 1997) .
The most important genus explaining the increasing trends in prymnesiophytes, Chrysochromulina spp. sensu lato, includes potentially harmful algal bloom species which can form fishkilling ichtyotoxins as well as allelopathic substances which FIGURE 3 | A demonstration of the non-metric multidimensional scaling (NMDS) results based on northern Baltic Sea phytoplankton monitoring data. NMDS was used to cluster samples (A) based on genus-level biomass composition. The 53 genera (and orders and complexes) that the analysis is based on are plotted separately for clarity (B). The color scale represents sampling years from 1979 (red) to 2014 (blue). The HELCOM sea areas investigated were BOB, Bothnian Bay; BOS, Bothnian Sea; GOF, Gulf of Finland; NBP, Northern Baltic Proper; ÅS, Åland Sea. Taxa: ACTI, Actinocyclus; AKSH, Akashiwo; AMPH, Amphidinium; APHA, Aphanizomenon; BACI, Bacillariales; BOTR, Botryococcus; CHAE, Chaetoceros; CHROO, Chroococcales; CHRYROM, Chrysochromulina; CRYPTO, Cryptomonadales; CYCL, Cyclotella; CYLI, Cylindrotheca; DESM, Desmodesmus; DIAT, Diatoma; DICT, Dictyosphaerium; DINB, Dinobryon; DPHYS, Dinophysis; DOLI, Dolichospermum; ELAK, Elakatothrix; EUPO, Eupodiscales; EUTR, Eutreptiella; GLEN, Glenodinium; GONY, Gonyaulax; GLES, Gymnodiniales; GYMN, Gymnodinium; GYRO, Gyrodinium; HETE, Heterocapsa; MANT, Mantoniella; MICR, Micromonas; MCPLX, Monoraphidium complex; NEPH, Nephroselmis; NITZ, Nitzschia; NODU, Nodularia; OCHR, Ochromonadales; OLLI, Ollicola; OOCY, Oocystis; OSCI, Oscillatoriales; PERLES, Peridiniales; PLNE, Planctonema; PLNG, Planktolyngbya; PROC, Prochlorothrix; PROR, Prorocentrum; PROT, Protoceratium; PSAN, Pseudanabaena; PSELLA, Pseudopedinella; PSFI, Pseudoscourfieldia; PYRA, Pyramimonas; SKEL, Skeletonema; SNOW, Snowella; THAL, Thalassiosira; UNID, Unidentified monads and nanoflagellates; UROG, Uroglena; WORO,
Woronichinia.
are harmful for other phytoplankton species (Reigosa et al., 2006; Granéli and Turner, 2008) . In case of toxicity, we used the precautionary principle, i.e., expecting that taxa including potentially toxic strains may be toxic even though we cannot define from the monitoring data if the toxicity was actually present in the community. Another important group of phycotoxin producers is dinoflagellates, but their biomass did not show any statistically significant late-summer trends.
In addition to the increasing risk of potential harmful algal bloom effects in the ecosystem, the observed phytoplankton community changes can have direct food web effects through the changes in the food quality for micro-and mesozooplankton grazers. Cyanobacteria and prymnesiophytes have been shown to be low-quality food for herbivorous zooplankton (de Bernardi and Giussani, 1990; Sopanen et al., 2008) , while cryptophytes, which decreased in most of the study area, are considered highquality food (Lehman and Sandgren, 1985) . On the other hand, the cyanobacterium N. spumigena is known to be a good thiamine source for zooplankton (Sylvander et al., 2013) , and thus optimal food may contain a small share of it.
Since Chrysochromulina spp. sensu lato includes mixotrophic species, its increase may indicate a shift from an autotrophic, phytoplankton-based food web toward a more mixotrophic, bacteria-based food web. The reason for increasing mixotrophy (importance of the microbial loop) may be either availability of extra energy to the food web due to additional dissolved matter from land, or less efficient food web functioning if the dissolved matter originates from the food web (e.g., direct DOM excretion, decomposition of cyanobacterial blooms, "sloppy feeding" of zooplankton). Based on a study by Berglund et al. (2007) , a shift toward a more bacteria-based food web may reduce pelagic productivity at higher trophic levels in the Baltic Sea, since in the bacteria-based food web carbon passes additional trophic levels through flagellates and ciliates before reaching mesozooplankton, while in the phytoplankton-based food web there is a direct pathway from phytoplankton to mesozooplankton.
In the demonstration, all five sea areas were analyzed together in the NMDS to point out that the phytoplankton community composition is quite similar in all studied offshore areas except in the Bothnian Bay, but the ongoing community change was toward the same direction in all five sea areas. The comparison of results of the trend analyses and the community analysis showed that taxa with statistically significant GAM trends (Table 3) were located quite in the middle of the NMDS ordination plot (genus-level, Figure 3) suggesting that their importance in the study area as a whole has not changed markedly during the study period despite the distinct significant increase or decrease in their biomass in particular sea areas. Thus, there is obviously an ongoing phytoplankton community change in the northern Baltic Sea area which cannot be fully explained by changes in biomasses of single taxa in the different sea areas. Based on the recent study by Suikkanen et al. (2013) , ongoing changes in the northern Baltic Proper, Gulf of Finland, and Åland Sea are most probably due to complex interactions 
Northern Baltic Proper
Aphanizomenon flosaquae (Nostocophyceae) *N 2 -fixing *filamentous *buoyant *low-quality food for mesozooplankton, but a thiamine source *potentially toxic/harmful for mammals *allelopathic 75% p = 0.001
Nodularia spumigena (Nostocophyceae) same as A. flosaquae
Cryptomonas spp.
(Cryptophyceae) *autotrophic/mixotrophic *mostly nanoflagellates *favored food for mesozooplankton 47% p < 0.001
Chrysochromulina spp. sensu lato (Prymnesiophyceae) *nanoflagellates *mixotrophic *low-quality food for mesozooplankton *potentially toxic/harmful for fish *allelopathic 100% p = 0.003
Diatoma tenuis (Diatomophyceae) *requires silica For each class with significant trends according to GAM, the share (%) of main taxa of the total class biomass in each sea area is indicated, followed by the p-value of the GAM run for that individual taxon. Some characteristics of the main taxa are also listed.
between warming, eutrophication and increased top-down pressure.
In conclusion, in the Baltic Sea phytoplankton, certain taxonomical groups have a direct link to functional characteristics. Cyanobacteria and prymnesiophytes are low-quality food and potentially harmful, and cryptophytes are considered high-quality food. The community analysis (Figure 3 ) and some trends (Tables 2, 3) in our data show an ongoing change into an unsatisfactory direction. In the next EU MSFD assessment in 2018, phytoplankton class-level trends with statistically significant p-values in the offshore Gulf of Finland, the Åland Sea, and the northern Baltic Proper should be negative (instead of the current positive) for cyanobacteria and prymnesiophytes, and positive (instead of the current negative) for cryptophytes. In the Bothnian Sea, the trend for cyanobacteria should be negative (instead of the current positive) and new unwanted changes should not appear. In the Bothnian Bay, the trend for prymnesiophytes should be negative (instead of the current positive), and the trend for cryptophytes should be positive (instead of the current negative), and new unwanted changes should not appear. In addition, the results of the community analysis should also be supportive for the results of the trend analyses in 2018.
DISCUSSION
Motivation for the Approach
In this article, we present a novel approach for using the phytoplankton taxonomic community composition to draw conclusions on its potential effects on the next trophic level, the goal being to facilitate the use of this information as a part of the assessment of the structure and functioning of the pelagic marine food web as required by the Marine Strategy Framework Directive (MSFD) of the European Union. Within this approach, a number of phytoplankton properties (potential suitability or quality as food for grazers, harmfulness, size, trophy) can be used to assess the potential efficiency of the pelagic food web, which cannot be deducted from other monitoring data. This supplements the currently insufficiently utilized bottomup approach, which can then be combined with the results of the present zooplankton indicators (Gorokhova et al., 2015) for a more holistic assessment (cf. Gowen et al., 2011; Pyhälä et al., 2014) . The analyses of pressures and management options will follow the holistic analysis. Developing phytoplankton indicators has proven to be challenging (HELCOM, 2013) , but it is definitely necessary at least for the food web assessments (Rogers et al., 2010) . Currently, an indicator based on phytoplankton community composition does not exist in the Baltic Sea area, instead chlorophyll-a concentration is the only phytoplankton-based indicator used to assess the environmental status in the Baltic Sea (HELCOM core indicators, http://www.helcom.fi/baltic-sea-trends/indicators/).
Evaluation of the Strengths and Weaknesses
The main strength of the present approach is the possibility of applying it to all kinds of quantitative phytoplankton biomass data (as long as data within one analysis follow harmonized methods and taxonomy), since the approach does not include ready-made presumptions of any certain indicator taxa or taxonomic groups forming life forms (Tett et al., 2008) or size categories (Lugoli et al., 2012; Roselli and Basset, 2015) . Instead, we point out some functional characteristics which should be considered. Those functional characteristics (potential suitability as food for grazers, harmfulness, size, trophy) are common to all phytoplankton communities, and were selected based on existing knowledge on their relevance to the next trophic level (e.g., Koski et al., 1998; Sommer et al., 2000; Berglund et al., 2007; Sopanen et al., 2008) . Using these functional characteristics within the interpretation of the taxonomic results is novel compared to some other recent approaches on analyzing longterm phytoplankton monitoring data (e.g., Suikkanen et al., 2013; Godhe et al., 2015; Haraguchi et al., 2015) . Finally, the simple analyses can be done using the freely available R software. The only slight downside of the presented approach is that it will never be an "insert data, push the button, and get the results" type of an indicator: since the assumptions concerning the phytoplankton community composition are not fixed, interpretation of the results is an extremely important part of the approach and requires expert knowledge on local phytoplankton ecology.
Reporting consistent and detailed metadata and complementary information of the procedures enables selecting comparable data for the analyses (Zingone et al., 2015) . Sampling, preservation, storage, analysis, taxonomical identification, nomenclature, and biomass calculation need to follow the same procedures throughout the data used in an analysis. In the Baltic Sea area, using phytoplankton monitoring data is feasible since harmonized methods for sampling, microscopy, and biomass calculations developed within the HELCOM PEG group are followed in most of the surrounding countries (HELCOM, 2015) . Within the Baltic Sea area, microscopists partaking in HELCOM monitoring are trained annually in the HELCOM PEG workshops, and they participate regularly in species identification and counting proficiency tests (e.g., Vuorio et al., 2015) . This is important since in a study including seven European sea areas, the main proportion of the recorded variation between cell densities was explained by the variation between the taxonomists counting the samples (Dromph et al., 2013) . In Europe, also the Biological Effects Quality Assurance in Monitoring (BEQUALM) program, using the scheme developed by the UK National Marine Biological Analytical Quality Control (NMBAQC), develops quality standards for community structure analysis and organizes phytoplankton proficiency tests.
When performing the analyses for the first time for an area, a multi-decadal data should be used whenever possible, in order to facilitate distinguishing actual trends from interannual variation. Long-term analyses may also enable detecting a period or periods when community composition changed abruptly, indicating possible regime shifts (Möllmann et al., 2015) . In addition, multi-decadal data series may in some cases help to estimate the community composition during the time when it was less affected by anthropogenic activities (i.e., being more close to reference conditions or pristine status). A suitable updating frequency of the analyses of presented approach is at least not shorter than 6 years, in accordance with the reporting period of the EU MSFD. When estimating how many years of monitoring data are required for the analyses, it should be considered that single samples are only random fractions representing the continuously fluctuating and dynamic phytoplankton community (Dromph et al., 2013) . Thus, low sampling frequency may be a weakness when using phytoplankton monitoring data in assessments. In our demonstration data, the sampling frequency was only once per year but the study period was as long as 36 years. A higher sampling frequency would possibly allow detecting changes already within a shorter monitoring period. Sampling should cover the periods of tightest coupling between phytoplankton and grazers. In the northern Baltic Sea, for example, late summer is the period of the highest zooplankton productivity (Ojaveer et al., 1998) and therefore the season to be focused on.
Offshore and coastal areas should be analyzed separately, because phytoplankton composition in coastal waters usually differs from that in the open sea (e.g., Griffiths et al., 2016) . In coastal areas, environmental conditions as well as phytoplankton communities may vary significantly within short distances (Griffiths et al., 2016) , and thus it needs to be considered if coastal phytoplankton communities should be analyzed separately even for each station. Data from different offshore stations located within the same sea area may be analyzed together to describe community changes in the area. In that case, annual biomass averages for each season and sea area can be used in the trend analyses.
We recommend using phytoplankton biomass (wet weight per volume) as the input for the analyses because it is often more relevant from the food web perspective than abundance (counting units per volume). The size of different phytoplankton species, and consequently the biovolume of the food sources, varies considerably, which is not evident when using abundance data. Furthermore, biomass data are conveniently converted into carbon biomass data (Menden-Deuer and Lessard, 2000) , which are usually utilized in food web models (e.g., Lignell et al., 2013) .
The results of trend analyses (GAMs) and community analyses (NMDS) should be interpreted together since their results are complementary to each other and may reveal different aspects. Trend analyses study each taxon separately while community analyses aim at a more holistic view. The reason for using different taxonomic levels in the analyses is due to differing properties of the analyses.
If the possible bottom-up and top-down factors (e.g., Ware and Thomson, 2005; Casini et al., 2008; Prowe et al., 2012) affecting the phytoplankton community are to be discussed within the interpretation of the results (step 4), existing knowledge on those is needed. However, this is not a requirement for using the suggested approach since the analyses of pressures and management options should follow only after a holistic analysis including also other compartments (physical, chemical, and biological) in addition to phytoplankton community composition.
Northern Baltic Sea As an Example Area
Northern Baltic Sea was selected as an example area, since there is almost 40 years of phytoplankton monitoring data from that area and its ecology and phytoplankton and zooplankton dynamics are well studied (e.g., Wulff et al., 2001) . Recent studies have reported long-term changes in the Baltic Sea phytoplankton and zooplankton communities (Suikkanen et al., 2013) , Secchi depth (Dupont and Asknes, 2014) , and several physical, chemical, and biological parameters (Lennartz et al., 2014) . Changes have been linked to interactions between warming, eutrophication, and increased top-down pressure (e.g., Suikkanen et al., 2013; Elmgren et al., 2015) . Despite the special characteristics (brackish water, clear seasonal succession) of the Baltic Sea, it is a suitable sea area for the demonstration since the functional characteristics which are specifically considered within the suggested approach (quality as food, harmfulness, trophy, cell size) are common to all phytoplankton communities, also for the northern Baltic Sea.
Future Development
The next step will be to compile information on food quality traits, test different trait-based methods (Litchman and Klausmeier, 2008; Litchman et al., 2012 Litchman et al., , 2015 Barton et al., 2013; Edwards et al., 2015) , and finally develop a widely applicable phytoplankton community composition index based on the functional properties. To be able to proceed in this, quantitative information on the biochemical properties of phytoplankton taxa as well as on the specific nutritional needs of the higher trophic levels is required, including information on direct toxicity and harmfulness. Species-specific trait analysis should be supplemented with detailed cell size structure analysis, since pelagic predator-prey size ratios are variable (Hansen et al., 1994; Wirtz, 2012) . Based on the results of our demonstration and earlier studies with different approaches and end results (e.g., Berglund et al., 2007; Mitra et al., 2014; Hoikkala et al., 2015) , food web modeling would be extremely beneficial for understanding food web interactions connected to auto-and mixotrophy and optimal grazer feeding dynamics.
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